This paper studies the scenario of data collection in a rechargeable sensor network (RSN), which is powered by directional wireless power transfer (DWPT). DWPT can overcome the limit of broadcast property of energy waves of omnidirectional wireless power transfer (WPT) by providing directional energy beams with higher antenna gain, therefore, help to promote energy efficiency. We formulate an energy efficiency maximization optimization problem, with buffer and delay constraints and propose a (M + 1)-approximation algorithm, where M is the number of sectors that a power beacon (PB)contains. Simulation results illustrate the benefit of our proposed scheme over the benchmark.
I. INTRODUCTION
Due to energy scarcity, which represents one of the major restrictions of sensor networks, researchers have focused on energy harvesting technique to utilize ambient energy sources for sensor nodes (SNs). Recently, wireless power transfer (WPT) technique has drawn an increasing attention due to its ability to power wireless nodes over the air, where nodes can harvest energy remotely from dedicated power beacons.
Conventional WPT technique adopts omnidirectional antenna to power the SNs. Some researchers [1] - [3] have investigated the energy efficiency and network utility optimization problem in RSNs. Bi and Zhang [4] proposed a voting-based distributed charging control framework in WPT networks to maximize the network lifetime. However, the inherent broadcast property of the omnidirectional WPT (or OWPT) can lead to an under-utilization of power beacons' energy, and thus degrades network performance, especially in a network where SNs are sparsely distributed, and the energy is wasted in areas where no SN is located in. Fortunately, the directional-WPT (DWPT) technique can mitigate this problem. Different from an omnidirectional antenna sys-The associate editor coordinating the review of this manuscript and approving it for publication was Prakasam Periasamy . tem, DWPT uses directional antennas (or antenna arrays) to generate concentrated energy transfer towards intended SNs, which overcomes the broadcast nature of energy signals and reduces the waste of energy. There are a number of studies in the utilization of directional transmissions in sensor networks. However, most of these studies utilize DWPT for information transfer [5] instead of power transfer. For the purpose of power transfer, Wang et al. [6] proposed an adaptive DWPT scheme to instruct energy transmitters, or power beacons (PB), to concentrate the transmit power on the nearby SNs to maximize the average received power of these SNs with stochastic geometry.
In this paper, we jointly investigate the energy efficient data collection and DWPT problem in a time-division multiple access (TDMA) rechargeable sensor network (RSN). First, the antenna directions, transmit power and antenna gains 1 of PBs should be adaptively adjusted to minimize energy cost. Second, the transmit power, data sensing rate and data transmission rate of each SN should be jointly optimized so that network utility is maximized and quality of service (QoS) requirements (e.g., delay, throughput constraints) are satisfied. To this end, we 1 Antenna gain includes main lobe gain and side lobe gain. formulate a non-convex optimization problem to maximize the energy efficiency of a data collection RSN with DWPT, taking into account the data buffer state of individual node, as well as the throughput and delay requirements. Note that our work distinguishes from [1] - [3] in the non-convexity of the optimization problem due to the introduction of sector selection and antenna gain variables, and thus the optimization problem cannot be solved by standard convex optimization tools. To handle this problem, we propose a heuristic method to solve the problem with a guaranteed worst performance bound, and finally, verify the benefit of our proposed scheme through numerical experiments. To the best of our knowledge, we are the first to investigate efficient energy data gathering with DWPT in a TDMA-based RSN.
The rest of this paper is organized as follows: Section II presents related works. Section III defines the model and scope of our problem. Section IV proposes solutions to the proposed problem. Section V provides the simulation results for the proposed k-NN algorithm. Section VI proposes solutions for one-hop topologies. Section VII provides the simulation results for the proposed approximation heuristic algorithm. The paper concludes in Section VIII.
II. RELATED WORK
WPT is a technology that uses radio frequency (RF) signals to convert electromagnetic energy into electrical energy [7] . WPT is artificially controllable in both production and conversion processes and it has been widely used in sensor networks. The generalized WPT technology can be divided into two categlories: near-field WPT [8] and far-field WPT [9] , [10] , according to the energy conversion mode and the effective transmission distance. Near-field energy transfer can generate electrical energy through near-field electromagnetic induction or inductive coupling methods. However, the effective energy transmission range of WPT is small, usually in the order of magnitudes from a few centimeters to tens of centimeters. Far-field WPT technology includes pure power transfer [11] and simultaneous wireless information and power transfer (SWIPT). Far-field WPT can transmit power at the distance from a few meters to several kilometers. WPT and SWIPT can both convert RF signals into energy usage. The difference between WPT and SWIPT is that SWIPT allows RF terminals to use RF signals to transmit energy signals and information signals simultaneously. This paper mainly studies the collection of sensor data with WPT in RSNs. To realize WPT, one or more energy base stations are responsible for transmitting dedicated wireless signals to power the sensor nodes in the network. Hadzi-Velkov et al. [3] studied the throughput optimization problem in a rechargeable network, and they proposed an optimal transmission strategy under the maximum transmission power constraints of energy base stations and nodes, based on a time division multiple access (TDMA) model. Liu et al. [1] found that the energy in the RF signals, which are used for data transmission, can also be utilized. Non-receiver idle sensor nodes can capture the energy in these ''noise signals'', which can significantly increase network energy efficiency. The authors also used additional energy base stations to power the sensor network, and studied energy efficiency optimization and network utility optimization in RSNs. Based on the same idea, Xu et al. [2] proposed a multi-hop information transmission and energy transmission scheme to maximize network utility and extend network lifetime. Bi et al. [4] proposed a voting-based distributed charging control strategy to maximize the network life cycle. In these mentioned works, the omnidirectional power transfer is used for WPT by default. However, the inherent broadcast characteristics of omnidirectional WPT can result in underutilization of energy. The omnidirectional antenna used in WPT generates uniform RF signals in all directions. When sensor nodes are sparsely or unevenly distributed, a large amount of RF energy can be wasted in the empty area. The DWPT technology has been proved to be an effective solution for such a problem. Unlike omnidirectional WPT, directional WPT uses directional antennas or antenna arrays to generate concentrated energy beams that are directed toward preferred areas. The antenna gain in the direction of power transfer is increased, and the gain in the non-antenna orientation is reduced. The directional antenna gain can reduce the waste of RF energy to some extent by controlling the spatial distribution of the RF signal strength. Wang et al. [5] used directional antennas to improve the signal-to-noise ratio (SNR) and success rate of information transmission. Wang et al. [6] proposed an adaptive directed wireless energy transmission scheme that maximizes the average received power of SNs by allowing the energy base station to concentrate the energy beams on nearby sensor nodes. Energy conversion efficiency is utilized as a metric to optimize an energy transfer strategy. Li et al. [13] considered both DWPT and data collection optimization problems, and proposed a data transmission and energy transfer optimization algorithm, based on a centralized Markov decision process, to minimize packet loss rate and semi-distribution under a simplified model. 
III. MODEL AND PROBLEM
We consider a multi-hop RSN that consists of one sink, N p PBs and N s SNs. The SNs generate sensory data at certain rates. The sink node is responsible for gathering sensory data from SNs. The PBs can use DWPT to provide radio frequency energy to the SNs, whereas the SNs adopt omnidirectional antennas to transmit information to the sink node through multi-hop manner. We adopt a TDMA scheduling where the global time clock is divided into time slots of equal lengths , as depicted in Figure 1 . The same wireless channel are used for the power transmission from PBs to SNs and the information transmission between SN pairs or from SNs to the sink. Therefore, to prevent collisions between power transmission and information transmission, we divide each time slot into two phases: an energy transfer (ET) phase and an information transfer (IT) phase. In an ET phase, PBs transmit directional power beams to provide energy for SNs. In an IT phase, which is further divided into H min-slots of equal lengths τ , an SN can transmit data to another neighbor SN or to the sink. To prevent collisions among information transmissions, we adopt a feasible TDMA scheduling scheme, and we will discuss it in more details in the next Section. And now, the length of a time slot can be calculated as
where τ 0 denotes the duration of an ET phase per slot.
A. DIRECTIONAL ANTENNA MODEL
We assume that PBs use directional antennas to generate directional power beams to power SNs. The directional antenna model is depicted in Figure 2 . The directional antenna generates two kinds of lobes, main lobe and side lobe, according to their different signal gains. 2 In the main lobe, the signal is strengthened. And the side lobe is a secondary product generated by the directional antenna, in which the signal is weakened. In general, a more concentrated beam means that the signal gain is larger in the main lobe and less in the side lobes. In a 2-dimensional (2D) space, the directional antenna model can be further simplified into a sector-based model. As shown in Figure 3 , the directional antenna divides the space into several sectors. The grey sectors denote the main lobes, and the white sectors denote the side lobes. In this paper, we assume that the sectors are evenly divided and a directional antenna can only select one sector as the main lobe to transmit energy beams at each ET phase. Figure 4 depicts an example of a data collection and DWPT framework, where there are three PBs, each of which has four sectors for power transfer. In Figure 4 , the two leftmost PBs 2 Signal gain is a coefficient of the signal that is no less than zero. If the signal gain is less than 1, it means that the signal is weakened, and if the signal gain is greater than 1, it means that the signal is strengthened. are selecting the first quadrant and the third quadrant sector as the main lobe, respectively. Herein, we adopt an antenna gain model proposed in [6] , [12] . According to the model, the selected sector of p is called as main lobe with antenna gain G m p , and the unselected sectors are called as side lobes with equal antenna gains G s p . The relationship between G s p and G m p can be depicted as:
where θ represents the beamwidth of the main lobe. We use M to represent the number of sectors generated by each PB, then θ = 2π M . Note that G s p and G m p in Eq. (2) are the optimization variables instead of constants. Specifically, when G s p = G m p = 1, it is equivalent that PB p uses an omnidirectional antenna to transmit power beams. One can argue that the antenna gain model adopted is too simple, for example, the signal gains are not strictly same with a main lobe or a side lobe. However, the proposed model does capture some characteristics of the direction antenna gains and has been adopted in the area of vehicular ad hoc networks (VANET). Thus, it is reasonable that we adopt this sectorbased model.
B. ENERGY MODEL
The energy consumption of an SN can be divided into two parts: the energy cost for data sensing and the energy cost for data transmission. In each time slot, an SN senses some data and selects a next-hop SN or the sink to transmit data. Define g i,k as the amount of sensing data of SN i at time slot k, and p i,k as the transmit power of SN i at time slot k. The energy consumption of SN i at time slot k can be expressed as:
where µ is the per-unit data sensing energy cost.
In each ET phase, the energy supply of an SN is the sum of energy beams of all PBs. We first calculate the received power, w i,p,k , of an SN i from PB p at time slot k as:
where ζ is a constant determined by the antenna height of a PB. P p,k denotes the transmit power of PB p at time slot k. G i,p,k represents the signal gain factor between PB p and SN i at time slot k. d i,p is the distance between p and i, and α is the path loss exponent. To express G i,p,k , we define a binary variable x p,m,k ∈ {0, 1} to indicate whether PB p selects sector m 3 as the direction of main lobe at time slot k. We use
Then we can obtain the antenna gain G i,p,k based on the following expression:
Eq. (5) claims that when p selects sector m as the direction of energy beam at time slot k, the antenna gain that SN i can obtain is the main lobe gain G m p,k ; If i locates at sector m, otherwise i has its side lobe gain G s p,k . Take the energy conversion efficiency into consideration, the total amount of energy that SN i can harvest at time slot k can be derived as:
where η denotes the energy conversion efficiency factor. We consider a battery-less model for the SNs and assume the energy harvested at the ET phase can be only used in the IT phase of the same time slot. To prevent battery outage from occurrence, the energy consumption cannot exceed the amount of harvested energy, and we have the following constraint:
C. LINK CAPACITY MODEL
In each IT phase, each SN transmits the sensing data to another next-hop SN or to the sink at its scheduled mini-slot in a TDMA manner. According to the Shannon's Law, the channel capacity between SN i and node 4 j with bandwidth B is expressed by
where
ij,k denotes the signal to noise ratio (SNR) between i and j. h ij denotes the channel gain between SN i and node j and is given by h ij = κl −α ij , where κ is a normalized constant depending on the environment propagation property. σ ij,k denotes the channel power spectral density between SN i and node j at time slot k. Specially, if SN i can only communicate to the same next-hop node j, we can omit j and use c i,k to denote the link capacity of a link between SN i and a node in time slot k, and now, we have
in which the means of h i and σ i,k are similar to that of h ij and σ ij,k , except that j is omitted. Moreover, the following link capacity constraint should be satisfied:
where r i,k represents the amount of data to be transmitted by SN i at time slot k.
D. BUFFER MODEL
We assume that each SN maintains a buffer that can temporally store sensing data which has not been transmitted in the current time slot. The data buffer evolution can be formulated as:
where q i,k ≥ 0 denotes the buffer size of SN i at the end of slot k. C i denotes the children 5 SN set of i. To ensure reliable data delivery, buffer overflow should be first avoided. With a maximum buffer capacity q max , the following condition should be satisfied:
Also, considering a time period that consists of K time slots, at the end of the time period, there should be
so that we make sure that all the sensing data are successfully transmitted to the sink. We then consider the delay constraint for the system. Define D i as the average delay of transmitted data flow of SN i, according to Little's Law [14] , we have
where L i and λ i denote the long-term average buffer size and data arrival rate of SN i, respectively. Specifically, in our model, we can derive
and
Finally, we give the formula of the average delay constraint:
where D th is the delay threshold for sensing data collection.
E. PROBLEM FORMULATION
Considering a time period consisting of K time slots, we first define the utility of the data collection network as
where ρ i is a non-negative weight factor for SN i, and logarithm function is utilized to maintain stable data generation rate over time and proportional fairness [15] among SNs. Next, we give the energy expression of the network provided by the PBs by
Up to now, we define the network energy efficiency of the data collection network as the average utility per Joule consumed energy. Our goal is to maximize the energy efficiency of a data collection RSN by optimizing the main lobe directions of PBs' antennas, the assignment of the main lobe gain and side lobe gain, the transmit power of each SN in each slot, the non-collision scheduling of transmissions, with link, buffer and delay constraints. Combining the aforementioned constraints, we formulate the problem as:
(0, 0, 0, g min ) (P, p, q, g)
where in constraint (22), p i,k denotes the transmit power of SN i towards its parent SN. 6 h i and σ 2 i,k denote the channel gain and the power spectral density of the link in terms of SN i towards its parent SN, respectively. p max and P max limit the maximum power for the SNs and the PBs, respectively. g min denotes the minimum amount of sensing data per slot. And an implicit constraint of problem (P0) is that how to schedule non-conflict data transmissions in each time slot. 6 How to determine the parent for each SN is discussed in the next Section.
IV. PROPOSED SOLUTION A. TREE-BASED NON-CONFLICT SCHEDULE
In order to obtain a collision-free data transmission schedule, we first construct a data collection tree [16] for the network to determine the data uploading links in the network, then select non-conflict data links that can be scheduled at the same minislot based on the data collection tree. Given a topology, there are many kinds of data collection trees with different purpose, such as delay-minimum tree [17] , [18] , load balanced tree [19] , etc. Since we focus on energy efficiency in this paper, we build an energy efficient tree [20] at first, where we assume that each SN generates sensory data at the same rate. After obtaining the tree structure, we adopt a method based on conflict graph to describe the relationship that whether two links can be scheduled simultaneously without conflict. A simple example in Figure 5 is provided to show how to transform a tree topology into a conflict graph. Figure 5(a) is the tree topology, where there are in total 4 SNs a, b, c, d and 3 directional links l ba , l cb and l db . In the corresponding conflict graph in Figure 5(b) , each node in the conflict graph indicates a link in the tree, and each pair of link that cannot be scheduled without conflict is connected with an unidirectional link. As shown in Figure 5 (b), any two links in the tree cannot be scheduled simultaneously without conflict.
An upper bound on the number of mini-slots for data transmission is N s . In such a case, in each mini-slot of a time slot, only one SN can transmit data and no collision occurs. However, too many mini-slots could cause the system can not satisfy its QoS in transmission delay. Therefore, we search for a non-conflict schedule that the number of total minislot, i.e., H , is minimized. Here, a greedy schedule algorithm in [1] is adopted. At each step, we greedily select a set of unscheduled links that are not adjacent to each other in the conflict graph and put them together so that they can be scheduled at the same mini-slot. At the end of the above process, we can find a non-conflict data transmission schedule for the network. In what follows, we deal with the energy efficiency maximization problem (P0).
B. BLOCK COORDINATE DESCENT METHOD
Due to the cross-product of P, x and G in constraint (20) and the non-concavity of the objective function U E , problem (P0) is a mixed-integer non-convex optimization problem.
Therefore, problem (P0) cannot be solved by standard convex optimization tools like CVX. In this paper, we adopt a block coordinate descent (BCD) [21] method to solve the nonconcavity in the problem. The basic idea of the BCD method is that, when a constraint is non-convex, we first determine the value of some optimization variables in the constraints to make constraints convex. Then we are able to change the non-convex problem to a convex problem, and we only optimize the value of other optimization variables. And then, we keep the value of these optimized variables fixed, and turn to re-optimize the value of the original variables. The aforementioned process is continued until the optimization results become converged. Specifically, for problem (P0), we first fix sector selection variable x tox and solve the following problem
In problem (Q1), due to the cross-product of P and G in constraint (26), the problem is still a non-convex optimization problem. We adopt the same BCD method to alternatively optimize P and G, and we define the corresponding new problem as (Q2). After that, we turn back to optimize x in (Q1). The aforementioned method is repeated until the original problem (P1) is converged. The pseudo-code of the proposed method is given in algorithm. 1, where ξ denotes the threshold for iteration.
Algorithm 1 Iterative Algorithm for (P0)
1 Let x ←x, wherex is the initial sector selection variable; 2 while the fractional increase of (Q1)'s objective is below ξ do 3 Let P ←P; 4 while the fractional increase of the objective of (Q2)'s is below ξ do 5 Solve (Q2) and let the solution be (G, g, p, r); 6 Let G ←G; Solve (Q1) and let the solution be (x, g, p, r); 9 end
C. MACHINE LEARNING BASED FRAMEWORK
In the proposed BCD optimization algorithm, there is a nested loop, where, in each loop, we solve a standard convex optimization problem. The iterative optimization process can be long. As a result, the computational overhead can be very heavy for resource-limited SNs and the proposed algorithm is not feasible for practical use. Therefore, in this subsection, we propose a machine learning based optimization framework. We let machines do the dirty work, and we adopt an off-line training. The basic idea of machine learning is to let the machines with strong computational capacities run the algorithm 1. With supervised learning, we use these optimization results as historical data to guide how to optimize the variables with varying network topologies.
The first step of the proposed machine learning based optimization framework is feature selection. The purpose is to select a series of related attributes from historical data, that can describe these data most, to form a feature vector, and to build predictive models. Since the amount of energy harvested by each SN is determined by its relative position in terms of each PB, assuming the positions of PBs are fixed, we use the positions of SNs as the feature vector. Let the position of the sink be the origin point, and we use polar coordinates (ρ 1 , θ 1 ), (ρ 2 , θ 2 ), . . . , (ρ N s , θ N s ) to represent the positions of SNs. Specifically, we use the phases of all SNs in non-decreasing order as the feature vector. Therefore, the feature vector is expressed as
is the order statistics obtained by arranging θ (1) , θ (2) , . . . , θ (N s ) .
Next, we label the optimization results of training data in terms of sector selection vectors. If the sector selection vector of two training data are the same, we conclude them into the same class. After extracting features and obtaining optimization results from historical data, we adopt a k-Nearest Neighborhood (k-NN) algorithm shown in Figure 6 . According to the k-NN algorithm, the most common class among these k neighbors is chosen as the predictive class of the input of all SNs' phases vector, and the predictive model outputs the associated sector selection solution of its predicted class. Finally, we take the predicted results of the selected optimization variables back to problem (P0). Now, we solve a convex optimization problem with linear constraints, which can be easily solve by standard optimization tools.
V. PERFORMANCE EVALUATION OF THE PROPOSED k-NN ALGORITHM
In this section, we evaluate the performance of the proposed k-NN algorithm. We compare it with an omnidirectional scheme, the result of which is obtained by setting G s p = G s m = 1 in problem (P0). We use random networks in a circular area with radius of 75m. The sink is located at the center of the area. The default parameters setting are as follows. N s = 40, N p = 1, = 1s, τ 0 = 0.2s, M = 8, µ = 2 × 10 −7 J, ζ = η = κ = 1, α = 2.5, B = 1MHz, σ 2 i,k = 5 × 10 −12 J, D th = 1.5s, ρ i = 1, g min = 1kbps, P max = 15W, p max = 0.01W, q max = 1Mb. We let K = M = 8 and study The performance metrics with different delay thresholds are shown in Figure 7 to Figure 10 . From Figure 7 , it can be observed that the proposed data collection scheme with DWPT outperforms the benchmark with OWPT in energy efficiency, and the performance gap increases with an increase in delay threshold. The DWPT scheme can mitigate the energy wastage and the uneven distribution problem by adjusting the antenna gain ratio between main lobe and side lobes. With a looser delay threshold, a SN can store more data in its buffer and waits until it harvests enough energy to transmit. However, the energy efficiency of the OWPT scheme is insensitive to the delay threshold. Due to the broadcast property of OWPT, the energy efficiency does not change whenever the data is transmitted to the sink. From Figure 8 and Figure 9 , it can be concluded that with an increase in the delay threshold, both network utility and PB's power decrease correspondingly. However, the decrease in PB's power is more than that of network utility. Figure 10 depicts the average main lobe and side lobe gain with varying D th . The average main lobe gain increases and the side lobe gain decreases, with an increase in the delay threshold for the DWPT scheme.
VI. ONE-HOP TOPOLOGY: A CASE STUDY
In this section, we study on a special one-hop topology that each SN is within the transmission range of the sink. And instead of the proposed supervised learning based method, we devise a heuristic algorithm that can achieve (M+1)-approximation ratio. With the one-hop topology, each SN generates and transmits its own data, and the revised optimization problem becomes (P0 ) : max
x,G,g,P,p,r
∀i, k, p, m,
To solve (P0'), we first determine the antenna direction variable arrayx for the PBs to perform energy beamforming. We adopt a rotate-based selection scheme. Specifically, each PB iteratively and rotatively chooses a sector in the counterclockwise direction as the main lobe. We define problem (P1) := {(P0 ) | x =x}. Lemma 1: The solution of (P1) achieves a (M −1) approximation ratio to (P0').
Proof: When N p = 1, the worst case for (P1) occurs when all the sensors locate in one sector, which we call a main sector. On one hand, (P0') will always select the main sector with main lobe gain M and side lobe gain 0. On the other hand, when (P1) selects an empty sector, which denotes a sector where no SN locates in, the most energy efficient manner is to set main lobe gain to 0 with side lobe gain M M −1 . Therefore, to guarantee the SNs in the main sector harvest the same amount of energy, the transmit power of the PB in (P1) should be improved by M / M M −1 = M times compared to (P0'). The energy efficiency is decreased by at most M times. For N p ≥ 2, the worst case for (P1) occurs when all the sensors locate in the same sector for each PB, and the conclusion can be obtained with a similar method.
B. VIRTUAL HYBRID ANTENNA BASED OPTIMIZATION
Problem (P1) is still not convex due to the cross-product P and G. We propose a virtual hybrid antenna based scheme to transform problem (P1) into a convex problem (P2). We use two virtual antennas to replace the original antenna of each Proof: Let the optimal PBs' transmit power and antenna gain matrix to problem (P1) beṖ andĠ. In problem (P2), to provide the same power, the solution P d , P o should satisfy
The power equations (35) Proof: With Lemma 1 and Lemma 2, we can obtain the conclusion immediately.
VII. PERFORMANCE EVALUATION OF ONE-HOP TOPOLOGIES
In this section, we evaluate the performance of the proposed scheme and compare with omnidirectional scheme for onehop topologies, the results of the latter are obtained by setting G s p = G s m = 1 in problem P2. We use random networks in a circular area with radius of 75m. The sink is located at the center of the area. The default parameters are as follows: N s = 10, N p = 1, = 1s, τ 0 = 0.2s, M = 8, µ = 2×10 −7 J, ζ = η = κ = 1, α = 2.5, B = 1MHz, σ 2 i,k = 5 × 10 −12 J, D th = 1.5s, ρ i = 1, g min = 1kbps, P max = 10W, p max = 0.01W, q max = 1Mb. We let K = M = 8 and study a switch cycle. The results of the simulation are the averages of 10 runs. The performance metrics with different delay thresholds are shown in Figure 11 to Figure 14 . Comparing to the results shown in the performance results shown in VOLUME 7, 2019 Figure 15 further shows the energy efficiency performance with different number of sensor nodes and number of PBs, 7 respectively. As can be observed, under both settings, the proposed DWPT scheme outperforms the benchmark. The energy efficiency increases with the increases in N s and N p . Also, a larger N p improves the energy efficiency more significantly than a larger N s . Energy efficiency ratio is defined as the energy efficiency of the DWPT scheme over the OWPT scheme. From Figure 16 , we can observe that, the energy efficiency benefit of DWPT over OWPT decreases with the increase in N p .
VIII. CONCLUSION
In this paper, we studied on optimizing network energy efficiency of data collection with DWPT in TDMA-based RSNs. The advantages of DWPT over conventional OWPT helps to reduce energy waste and improve energy efficiency performance. We formulated an energy efficiency maximization optimization problem, with buffer and delay constraints. We proposed a k-NN algorithm for the optimization problem, and further proposed an approximation heuristic algorithm for the problem under special one-hop topologies.
